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Abstrac t 

A recurren t  networ k wa s traine d fro m sentenc e example s t o 
construc t  symboli c parse s o f  sentenc e forms .  Hundred s o f 
sentences ,  representin g significan t  syntacti c complexity ,  wer e 
formulate d an d the n divide d int o trainin g an d testin g set s t o 
evaluat e th e abilit y  o f  a  recurren t  networ k t o lear n thei r  stmc -
nire .  Th e networ k i s show n t o generaliz e wel l  ove r  tes t  sen -
tence s an d th e error s tha t  d o remai n ar e foun d t o b e o f  a  singl e 
typ e an d relate d t o huma n limitation s o f  sentenc e processing . 

Introduction 

Problem s wit h time-dependen t  inpu t  requir e computationa l 
mechanism s tha t  ca n respon d wel l  ove r  time .  O n e suc h area , 
natura l  languag e processing ,  i s see n b y som e a s pivota l  t o th e 
succes s o r  failur e o f  connectionism .  Pinke r  an d Princ e (1988 , 
p.78 )  state d tha t  "Connectionism ,  a s a  radica l  restructurin g 
of  cognitiv e theory ,  wil l  stan d o r  fal l  dependin g o n it s abilit y 
t o accoun t  fo r  h u m a n language. "  Meetin g thi s challeng e i s a 
majo r  focu s o f  ou r  work . 

Fro m th e basi c desig n o f  a  deterministi c natura l  languag e 
parser ,  w e ar e introducin g an d evaluatin g connectionis t  tech -
nique s an d evolvin g towar d a  full y connectionis t  languag e 
understandin g system .  Deterministi c (wait-and-see )  parsin g 
(Marcus ,  1980 )  i s a  goo d mode l  fo r  th e desig n o f  a  neura l 
networ k base d parse r  for e tw o reasons .  First ,  i t  concentrate s 
on syntax ,  whic h ha s th e advantag e o f  bein g relativel y wel l 
understoo d an d therefor e lead s t o result s whic h ca n b e eas -
il y  compared .  Second ,  th e fixed-length  inpu t  buffe r  o f  a 
deterministi c parse r  i s consisten t  wit h th e inpu t  strateg y o f 
recurren t  neura l  networks ,  suc h a s thos e du e t o Elma n (1990) , 
whic h iterativel y proces s fixed-sized  piece s o f  a  large r  input . 
The resul t  i s a  natura l  fit  betwee n a  deterministi c approac h t o 
natura l  languag e processin g an d th e processin g strateg y o f  a 
recurren t  net . 

Motivation 

Marcu s (1980 ,  p .  204) ,  i n hi s determinis m hypothesis ,  conjec -
ture d tha t  "ther e i s enoug h informatio n i n th e structur e o f  nat -
ura l  languag e .. .  t o allo w left-to-righ t  deterministi c parsin g 
of  thos e sentence s whic h a  nativ e speake r  ca n analyz e with -
out  consciou s effort. "  A  clea r  implicatio n o f  thi s hypothesi s 
i s tha t  natura l  languag e processin g nee d no t  depen d i n an y 
fundamenta l  wa y o n backtrackin g strategies .  Furthermore , 
parsin g shoul d no t  b e a  proces s whic h generate s partia l  struc -
ture s fro m fals e start s tha t  ar e eventuall y discarde d i n favo r 
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of  others .  Whil e thi s hypothesi s doe s no t  dictat e an y detail s 
abou t  th e architectur e o r  th e rules ,  i t  doe s limi t  sentence s t o 
thos e tha t  a  nativ e speake r  ca n analyz e withou t  consciou s ef -
fort .  I n effect ,  thi s eliminate s garden-pat h sentence s suc h a s 
"Th e hors e race d pas t  th e b a m felL " 

Marcu s constructe d P A R S I F A L ,  a  syste m tha t  examine d 
thi s hypothesi s unde r  a  specifi c  rule-base d architectur e involv -
in g a  stack ,  a  se t  o f  ofte n complicate d rules ,  rul e packets ,  rul e 
priorities ,  an d a n intricat e mechanis m o f  "attention-shiftin g 
rules .  Th e tru e forc e o f  th e hypothesis ,  a s i t  pertain s t o h u m a n 
languag e processing ,  wa s lef t  unexamined . 

We ar e testin g th e hypothesi s directl y b y developin g a  cor -
pu s o f  sentence s whic h a  nativ e speake r  ca n analyz e withou t 
consciou s effort ,  an d constructin g a  neura l  ne t  architectur e 
tha t  learn s h o w t o proces s sentence s fro m examples .  T h e 
traine d networ k accept s a  buffe r  o f  sentenc e element s pre -
sente d i n sequenc e an d produce s structur e buildin g an d m a -
nipulatin g (primitive )  action s a s output .  Suc h a  performance -
oriente d approac h (a s oppose d t o a  competence-oriente d one ) 
i s intentional .  Ther e i s growin g belie f  tha t  ".. .  h u m a n pars -
in g resource s mus t  b e characterize d a s finite-state"  (Pulman , 
1986 )  an d tha t  ful l  recursion ,  a s supporte d b y context-fre e 
languages ,  m a y b e unnecessar y (Christiansen ,  1992 ;  Church , 
1982) .  Simpl e recurren t  network s posses s th e powe r  o f  a  finite 
stat e machine ,  bu t  a s suc h ca n approximate ,  t o a  finite  degree , 
th e processin g requirement s o f  a  contex t  fre e language . 

Unlik e recurren t  parsin g network s describe d elsewher e 
(see ,  fo r  example .  Da s e t  al. ,  1992) ,  ou r  syste m contain s n o 
explici t  interna l  o r  externa l  stack .  Th e stack' s rol e i s assume d 
t o a  sufficien t  degre e b y th e recurrenc e i n th e network . 

Weckerl y an d Elma n (1992) ,  i n a  stud y simila r  t o ours , 
traine d a  recurren t  networ k wit h center-embedde d sentence s 
t o examin e simpl e semanti c preferences .  The y foun d tha t 
a stack-lik e approach ,  on e i n whic h level s o f  processin g ar e 
tightl y encapsulated ,  i s  incorrec t  i f  on e i s  t o accoun t  fo r  h u m a n 
processin g o f  semanticall y biase d verbs .  T h e stud y describe d 
her e i s mor e ambitiou s i n it s  scope ,  bu t  i s limite d a t  th e m o -
ment  t o syntacti c processin g only . 

Th e tes t  o f  whethe r  ther e i s enoug h informatio n i n th e struc -
tur e o f  natura l  languag e t o allo w deterministi c parsing ,  a s th e 
deterministi c hypothesi s claims ,  become s a n evaluatio n o f 
th e exten t  t o whic h trainin g enable s th e recurren t  networ k t o 
generaliz e t o nove l  sentenc e forms .  Ou r  approac h involve s 
exposin g th e networ k t o a  variet y o f  comple x sentence s durin g 
trainin g an d the n testin g fo r  generalizatio n o n a  completel y 
differen t  se t  o f  sentences .  Trainin g an d testin g dat a fo r  th e 
networ k i s develope d b y tracin g th e symboli c processin g o f 
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Figur e 1 :  N e t w o r k architectures .  Dotte d arrow s represen t  ful l  connectivit y betwee n layers . 

a corpu s o f  (non-garden-path )  sentences .  A  tota l  o f  2 0 9 sen -
tences ,  eac h uniqu e i n th e processin g step s required ,  ax e use d 
i n thi s experiment .  Thes e ar e randoml y divide d int o a  se t 
o f  15 6 trainin g sentence s an d a  se t  o f  5 3 testin g sentences . 
Generalizatio n i s s h o w n t o occu r  an d th e error s i n processin g 
provid e usefu l  insight s int o th e natur e o f  thi s process . 

System Architecture 

While our design departs substantially from PARSIFAL, we 
follo w man y o f  th e sam e ideas .  Parsin g i s performe d deter -
tninisticall y i n tha t  syste m b y permittin g th e parse r  t o loo k 
ahea d u p t o th e nex t  thre e constituent s o f  th e sentence ,  whic h 
ar e hel d i n a  three-plac e buffer .  P A R S I F A L require s a  stac k t o 
allo w th e recursiv e processin g o f  embedde d structure s an d t o 
facilitat e processin g generally .  Primitiv e action s whic h buil d 
structur e an d m o v e constituent s ca n b e performe d o n th e stac k 
an d i n th e buffe r  positions .  Thes e action s ar e controlle d b y a 
set  o f  granmia r  rules .  Th e rule s ar e usuall y associate d wit h 
th e curren t  (top-level )  nod e o f  th e structur e bein g built ,  whic h 
i s hel d o n th e to p o f  th e stack .  A  processin g ste p consist s o f 
selectin g a n applicabl e rul e an d firin g th e rul e b y performin g 
it s action ,  forcin g change s t o th e stac k and/o r  buffer .  Af -
te r  a  serie s o f  steps ,  a  terminatio n rul e fire s whic h end s th e 
processin g an d th e fina l  structur e i s lef t  o n to p o f  th e stack . 

Previous Work 

In earlier work, we replaced the rules used by PARSIFAL 
wit h a  feedforwar d neura l  networ k traine d fro m eithe r  rule s 
or  sentences .  Ou r  goal s i n tha t  wor k wer e t o unif y P A R S I F A L 
and a  variet y o f  propose d extension s an d amendment s withi n 
on e mode l  an d t o tes t  th e abilit y  o f  th e parse r  t o addres s is -
sue s o f  ambiguit y an d ill-formedness .  Th e networ k learne d 
a mappin g fro m th e pattern s use d t o encod e th e sentenc e ele -
ment s i n th e buffe r  an d th e structur e o n to p o f  th e stac k t o th e 
appropriat e rul e an d it s action .  Th e three-plac e buffer ,  stack , 
an d action s wer e al l  handle d symbolically .  Figur e 1(a )  illus -
trate s th e networ k desig n use d i n ou r  earlie r  wor k (Kwasn y 
& Faisal ,  1990 ;  Kwasn y &  Kalman ,  1991 ;  Kwasn y &  Faisal , 
1992) .  Castin g th e rule s a s a  neura l  networ k yielde d signif -
ican t  advantage s i n robustnes s an d w e hav e studie d lexica l 
ambiguity ,  grammatica l  ill-formedness ,  lexica l  omission ,  an d 
othe r  propertie s o f  th e design . 

Cu r ren t  W o r k 

Inourcurren t  work ,  a  simpl e recurren t  networ k (Elman ,  1990 ) 
i s utilize d whic h permit s som e degre e o f  memor y o f  pas t  deci -
sions .  Althoug h stack-lik e processin g i s necessar y t o addres s 
embedding s o f  th e typ e presen t  i n al l  context-fre e languages , 
th e recurren t  design ,  show n i n Figur e 1(b) ,  obviate s th e nee d 
t o presen t  th e top-of-stac k content s t o th e networ k a s i n ou r 
previou s wor k becaus e sufficien t  informatio n i s represente d i n 
th e recurren t  connections .  Becaus e th e choic e o f  appropriat e 
rul e i n a  symboli c deterministi c gramma r  i s largel y dependen t 
on informatio n store d o n th e stack ,  heav y responsibilit y  i n ou r 
adaptiv e networ k fall s  o n th e recurren t  connections .  Th e net -
wor k i s coerced ,  throug h training ,  t o produc e th e primitiv e 
creat e an d d m p action s tha t  manipulat e th e stac k withou t  ex -
plicitl y  representin g th e stack .  Th e outpu t  i s a  sequenc e o f 
action s t o b e performe d o n th e symboli c structure s tha t  evolv e 
durin g processing . 

Durin g processing ,  th e activatio n patter n o f  th e hidde n laye r 
i n th e recurren t  networ k i s copie d bac k t o th e inpu t  laye r  o n 
eac h step .  Thes e activatio n pattern s encod e informatio n abou t 
relevan t  pas t  event s s o tha t  curren t  an d futur e decision s ca n 
be influenced ,  muc h a s th e stac k woul d influenc e symboli c 
processing .  Sinc e ther e i s evidenc e tha t  isolatin g th e linearl y 
separabl e relationshi p fro m th e non-linea r  par t  make s fo r  mor e 
effectiv e trainin g (Le e an d Holt ,  1992) ,  an d sinc e parsin g 
seems t o requir e approximatel y linea r  processin g fo r  mos t 
of  th e steps ,  w e adapte d th e recurren t  networ k designe d b y 
Elma n t o includ e direc t  connection s fro m inpu t  t o outpu t  units . 
Th e parse r  i s illustrate d i n Figur e 2 . 

Wit h thi s design ,  w e ar e movin g close r  t o a  confrontatio n 
wit h th e determinis m hypothesis :  Ca n a  parse r  extrac t  th e 
structur e o f  Englis h sentence s left-to-righ t  deterministicali y a s 
th e hypothesi s claims ? Th e rea l  evidenc e i s i n th e complexit y 
of  sentence s w e hav e processed ,  i n th e exten t  o f  coverag e 
of  th e structure s o f  English ,  an d i n th e degre e o f  succes s 
achieved . 

Training 

Pattern s mus t  b e obtaine d tha t  illustrate ,  b y example ,  th e map -
pin g t o b e learned .  Thi s i s tru e whethe r  w e ar e trainin g a 
recurren t  networ k o r  trainin g a  feedforwar d network .  Th e 
primar y differenc e come s i n th e sequencin g require d fo r  re -
curren t  networks .  Pattern s mus t  b e arrange d i n th e sequenc e 
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Figur e 2 :  Parse r  design .  Th e buffe r  content s ar e transforme d usin g th e lexico n an d presente d t o th e recurren t  networ k 
whic h produce s a n actio n tha t  i s  performe d o n th e symboli c structures . 

i n whic h the y occu r  during  processing .  Thi s i s necessar y t o 
permi t  prope r  contex t  pattern s t o b e compute d an d derive d 
as a  by-produc t  o f  training .  Th e wor d orde r  o f  th e sentenc e 
form s use d fo r  trainin g provide s th e sequencing . 

Figure s show s a  sampl e o f  th e 15 6 randoml y selecte d train -
in g sentences .  Eac h sentenc e i s processe d symbolicall y fro m 
lef t  t o righ t  i n a  manne r  analogou s t o tha t  o f  P A R S I F A L .  A 
lexico n i s use d t o determin e th e appropriat e patter n o f  syn -
tacti c feature s fo r  eac h word .  Finc h an d Chate r  (1992 )  argu e 
tha t  suc h syntacti c feature s ca n b e learne d fro m th e statistica l 
propertie s o f  sentence s i n a  domain ,  althoug h ou r  lexico n wa s 
buil t  manually ,  i n th e interes t  o f  time ,  t o fit  ou r  examples . 

For  th e particula r  se t  o f  rule s w e ar e using ,  onl y tw o buffe r 
position s ar e required ,  bu t  th e techniqu e ca n easil y b e ex -
tende d t o a  longe r  buffe r  i f  required .  (Marcu s argue s tha t 
thre e i s sufficien t  fo r  English. )  Th e first  buffe r  positio n i s 
encode d usin g 2 6 unit s whil e th e secon d buffe r  positio n re -
quire s 1 2 units .  Thes e unit s represen t  feature s suc h a s par t 
of  speec h (noun ,  verb ,  auxiliary ,  etc.) ,  ver b for m (infinitive , 
gerund ,  pas t  participle ,  etc.) ,  nou n phrase ,  ver b phrase ,  final 
punctuation ,  an d others . 

Example 

I f  th e first  tw o word s o f  th e sentenc e wer e 'th e cat' ,  fo r  exam -
ple ,  tw o unit s i n th e representatio n o f  th e first  buffe r  positio n 
woul d b e turne d o n t o indicat e tha t  th e first  wor d i s a  deter -
mine r  an d tha t  i t  i s  a  symbo l  tha t  ca n begi n a  nou n phrase .  Th e 
secon d buffe r  patter n woul d indicat e tha t  th e secon d wor d i s a 
singula r  noun .  Th e symboli c parse r  als o need s t o examin e th e 
topmos t  stac k nod e sinc e rule s depen d o n th e constituen t  be -
ingbuilt .  Th e to p o f  th e stac k woul d b e empt y i n thi s example . 
So,  th e parse r  select s th e rul e whic h i s applicabl e whe n ther e 
i s a  determine r  i n th e first  buffe r  position ,  a  singula r  nou n i n 
th e secon d position ,  an d th e stac k i s empty .  Th e actio n exe -
cute d wil l  b e t o creat e (push )  a  ne w sentenc e (S )  nod e o n th e 

stack .  Th e pattern s fro m th e buffe r  (bu t  no t  th e stack )  an d th e 
patter n representin g th e selecte d outpu t  ar e collecte d a t  eac h 
step .  I n thi s way ,  w e en d u p wit h a  sentenc e trac e i n th e for m 
of  a  sequenc e o f  code d condition-actio n pattern s suitabl e fo r 
training .  Th e buffe r  pattern s provid e th e inpu t  strea m an d th e 
action s chose n a t  eac h ste p ar e th e desire d output . 

Whil e th e pattern s coul d b e derive d b y hand ,  thi s woul d 
not  b e expeditious .  I n practic e w e us e a  se t  o f  gramma r  rule s 
designe d fo r  thi s purpose .  The y ar e applie d automaticall y t o 
assur e tha t  consisten t  rul e applicatio n an d codin g practice s ar e 
followed .  Th e gramma r  i s base d o n on e use d i n P A R S I F A L 
and consist s o f  7 6 single-actio n rules ,  eac h o f  whic h select s 
on e o f  3 9 possibl e actions .  A m o n g th e action s tha t  m a y b e 
performe d are :  attac h a s a n adjective ,  auxiliary ,  mai n verb , 
etc ;  creat e a  nou n phras e node ,  ver b phras e node ,  secondar y 
sentenc e node ,  etc ;  switc h (interchang e content s o f  first  tw o 
buffe r  positions) ;  dro p (po p th e stack ,  shiftin g th e to p o f  th e 
stac k int o th e first  buffe r  position) ;  an d stop .  Fo r  th e example s 
presente d i n thi s paper ,  2 4 hidde n unit s ar e required ,  whic h 
ar e copie d bac k a t  eac h recurren t  step . 

Reducing TVaining Complexity 

Trainin g i s tim e consuming ,  bu t  possible .  Us e o f  singula r 
valu e decompositio n ( S V D )  t o transfor m th e inpu t  pattern s 
int o a  space  i n whic h th e inpu t  unit s ar e aligne d orthogonall y 
i s  on e primar y reaso n fo r  succes s i n trainin g an d seem s t o b e 
particularl y importan t  fo r  sizabl e network s wit h larg e number s 
of  trainin g pattern s Se e Kalma n e t  al .  (1993 )  fo r  a  complet e 
discussio n o f  thi s techniqu e an d result s obtained .  Thi s metho d 
lead s t o quicke r  an d mor e effectiv e training ,  an d permit s th e 
resultin g weight s t o b e back-transforme d s o tha t  the y perfor m 
identicall y o n th e origina l  trainin g patterns .  S V D allow s eas y 
identificatio n o f  thos e input s tha t  contribut e weakl y o r  no t  a t 
al l  t o th e problem .  Fo r  th e parser ,  th e numbe r  o f  inpu t  unit s 
was reduce d fro m 3 8 t o 34,effectivel y yieldin g a n architectur e 
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1 Joh n like s Mary . 
8 Th e tal l  ma n schedule d th e meeting . 

17 Th e angr y ol d ma n ha s punishe d th e littl e boy . 
27 Book s wer e rea d b y th e boys . 
32 Wa s Joh n take n i n th e house ? 
38 Th e bi g angr y ol d ma n woul d lik e th e littl e kitte n fo r  th e barn . 
51 Wil l  h e hav e gon e b y Friday ? 
69 Doe s Mar y lik e th e cat ? 
86 Mar y ha s bee n punishe d b y th e teache r  wh o schedule d th e exa m fo r  Friday . 

104 Wa s i t  schedule d b y th e teache r  w h o complained ? 
120 Ha s th e ma n bough t  th e bi g book s whic h th e tal l  boy s read ? 
132 Wa s th e blac k ca t  take n b y th e gir l  wh o like d it ? 
138 Th e book s whic h wer e rea d b y Mar y hav e bee n take n t o th e meetin g 

whic h Joh n scheduled . 
141 Tak e th e book s whic h th e ma n rea d fro m th e hous e whic h th e teache r  likes ! 
144 Th e tal l  ma n w h o like s Mar y schedule d th e meetin g whic h th e teache r  want s 

fo r  th e boy s wh o shoul d hav e bee n punished . 
151 Th e ma n wh o th e gir l  wh o disappeare d like s schedule d th e meeting . 
154 Th e bo y wh o like s th e gir l  wh o like s th e ca t  bough t  th e book . 
156 The y bough t  th e book s whic h th e teache r  wh o schedule d th e exa m 

whic h Joh n rea d liked . 

Figure 3: Sample of Training Sentences 

2 Joh n schedule d th e meetin g fo r  her . 
5 Mar y ha s schedule d a  meetin g fo r  Wednesday . 
9 D o boy s schedul e meetings ? 

12 Joh n wa s punishe d b y him . 
16 H e coul d hav e bee n punishe d b y th e tal l  man . 
18 Shoul d Mar y hav e bee n take n t o th e meeting ? 
22 Joh n schedule d a  bi g meeting . 
25 Sh e like s th e cat . 
28 Sh e ha s me t  her . 
31 Th e book s whic h th e teache r  bough t  wer e rea d b y th e boys . 
33 Mar y like s th e bo y wh o like s th e cat . 
35 Joh n wa s punishe d b y th e teache r  i n th e bar n whic h woul d fal l  o n Friday . 
41 Boy s wh o lik e th e teache r  disappeared . 
42 Th e boy s wh o coul d hav e bough t  th e hors e wan t  th e teache r  i n th e hous e 

on Friday . 
45 Shoul d th e gir l  hav e bee n take n t o th e hous e whic h fell ? 
47 Th e ma n wh o th e gir l  like s ha s punishe d th e bo y wh o like s Mary . 
49 Doe s sh e lik e th e ol d book s whic h th e teache r  schedule d fo r  th e exa m 

whic h disappeared ? 
50 Wer e th e book s whic h th e teache r  ha d bough t  rea d b y th e ma n wh o pray s 

i n th e bar n whic h woul d fal l  o n Friday . 
53 Joh n schedule d a  meetin g fo r  th e bo y w h o woul d tak e th e exa m 

whic h th e teache r  scheduled . 

Figure 4: Sample of Testing Sentences 
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Erro r  Frequenc y 

Networ k Output : 
Dro p 
Attac h P P - N P 
Attac h Obj -N P 
Attac h Punc t 
Attac h Subj-N P 
Creat e A u x 

Dro p 

2. 6 
2. 0 
1.4 

Attac h 
PP-N P 

0,1 

3, 0 

0.1 

Target s 
Attac h 

Ob j -N P 

1.1 
1.5 

1.0 

Attac h 
Punc t 

2.1 

Attac h 
Subj-N P 

O.I 

Figur e 5 :  Erro r  Analysis :  Frequenc y o f  error s occurrin g i n th e action s reporte d b y th e networ k vs .  targete d actions .  Onl y th e 
non-empt y portio n o f  th e 3 9 x  3 9 tabl e i s shown .  Th e first  valu e i s fro m trainin g an d secon d valu e i s fro m testing . 

of  58-24-3 9 fo r  trainin g an d 62-24-3 9 fo r  testing .  Trainin g it -
sel f  i s  performe d usin g a  modifie d conjugate-gradien t  metho d 
(Kalman .  1990 )  tha t  ha s bee n implemente d t o utiliz e th e par -
allelis m availabl e o n a  20-processo r  Su n S P A R C Cente r  200 0 
machine . 

Results 

Training proceeded until the number of errors encountered in 
th e trainin g se t  wa s smal l  an d furthe r  trainin g increase d th e 
number  o f  error s i n th e testin g set .  Th e trainin g se t  o f  15 6 
sentence s wer e traine d unti l  onl y 13  error s remaine d ou t  o f 
5,46 5 tota l  step s represente d i n th e sentence s (0.2 % error) . 
The performanc e o f  th e traine d networ k wa s the n evaluate d 
on th e 5 6 randoml y selecte d testin g sentences .  A  sampl e o f 
thes e sentence s i s show n i n Figur e 4 .  Eac h sentenc e wa s 
processe d a s a  sequenc e o f  item s whic h flows  int o th e buffe r 
and wa s encode d fo r  presentatio n t o th e network .  Th e stac k 
was absen t  fro m thi s proces s an d therefor e th e performanc e o f 
th e parse r  hinge s o n th e degre e t o whic h th e recurren t  networ k 
has generalize d th e sequentia l  processing . 

Collectively ,  ther e ar e 1.86 0 parsin g step s i n processin g 
th e 5 3 sentence s correctly .  O f  these ,  1.84 0 step s (99% )  wer e 
correctl y generate d b y th e networ k an d 2 0 (1% )  wer e not . 
On th e sentenc e level ,  thi s translate s int o 4 0 sentence s (75% ) 
processe d completel y withou t  erro r  an d 1 3 sentence s (25% ) 
tha t  containe d a t  leas t  on e erro r  durin g processing . 

Discussion 

This paper has presented evidence that complicated sentence 
processin g ca n b e learne d effectivel y b y a  recurren t  neura l 
network .  Whil e th e overal l  performanc e o f  th e parse r  i s quit e 
good ,  th e error s tha t  d o occu r  ar e worth y o f  furthe r  discussion . 

Analyzing Errors 

The errors are not random. None of the errors occur within a 
constituent .  Tha t  is ,  th e networ k apparentl y ha s learne d th e 
prope r  sequenc e o f  action s relatin g t o th e bas e gramma r  an d 
it s abilit y  t o construc t  lowe r  leve l  piece s o f  constituents .  Th e 
error s tha t  d o occu r  cluste r  aroun d constituen t  boundaries . 
Ever y 'creat e X '  actio n mus t  b e eventuall y answere d b y a 
'drop '  actio n an d a  subsequen t  'attac h X  a s Y '  action .  T o 
accomplis h thi s requires ,  a t  m in imum ,  a  context-fre e gramma r 
mechanis m necessitatin g th e us e o f  a  stack .  Th e recurren t 
networ k doe s no t  contai n th e equivalen t  o f  a  stack ,  bu t  ca n 

approximat e such  a  mechanis m t o a  finite  extent. ^  Fo r  thi s 
reason ,  sentence s requirin g long-rang e dependencie s o f  th e 
sor t  tha t  coul d b e capture d b y a  simpl e stackin g mechanis m 
ar e occasionall y missed . 

Al l  o f  th e error s relat e t o th e action s 'drop '  an d 'attach ' 
mentione d above .  Figur e 5  illustrate s th e confusio n betwee n 
attachin g an d dropping .  I n on e categor y o f  error ,  'drop '  i s  th e 
targe t  an d 'creat e aux '  i s  th e networ k response .  Thi s happen s 
when th e constituen t  boundar y fo r  a  subjec t  N P modifie d b y a n 
embedded sentenc e i s misse d an d th e parse r  want s t o continu e 
with  processin g o f  th e mai n sentence . 

I n missin g a  dro p action ,  a  typica l  situatio n woul d b e a 
claus e a t  th e en d o f  a  sentenc e wherei n a  final  punctuatio n 
mar k occupie s th e first  buffe r  positio n an d a  secondar y sen -
tenc e i s o n to p o f  th e stack .  Th e networ k m a y attemp t  t o 
attac h th e final  punctuatio n t o th e embedde d secondar y sen -
tenc e rathe r  tha n droppin g th e constituen t  an d attachin g bot h 
constituen t  an d final  punctuatio n t o th e mai n sentenc e node .  I n 
missin g a n attac h action ,  th e networ k typicall y substitute s th e 
wron g label .  Thus ,  th e parse r  woul d substitut e fo r  a n 'attac h 
pp-np '  action ,  whic h create s th e dominatin g nod e structur e fo r 
th e objec t  o f  a  preposition ,  a n 'attac h obj-np '  action ,  whic h 
identifie s i t  a s th e objec t  o f  th e sentence .  Al l  o f  thes e erro r 
example s ca n b e see n a s relate d t o a  simila r  underlyin g dif -
ficulty,  namel y tha t  onc e a  nod e i s created ,  a  late r  ste p mus t 
tak e actio n t o plac e i t  int o th e structure . 

S o me o f  thes e error s ca n b e overcom e wit h a  slightl y differ -
ent  schem e fo r  identifyin g th e dominatin g nod e i n a  structure . 
At  creatio n time ,  th e rol e o f  th e constituen t  (e.g. .  Subj-NP . 
PP-NP.  etc. )  i s  know n an d therefor e th e final  labe l  ca n b e 
create d alon g with  th e node .  Later ,  a t  th e tim e o f  th e attach . 
no labe l  nee d b e supplied .  Thi s wil l  effectivel y collaps e al l 
attache s int o on e action . 

Othe r  error s ar e mor e fundamental .  A  recurren t  networ k 
canno t  overcom e th e m e m o r y limitation s inheren t  i n a  finite 
stat e device .  W e hop e t o eventuall y sho w tha t  thes e error s 
ar e comparabl e t o thos e tha t  human s m a k e durin g sentenc e 
processing . 

^An y computationa l  mechanis m i s memor y limite d and ,  there -
fore ,  canno t  full y  implemen t  a n unbounde d stack ,  althoug h fo r  prac -
tica l  purpose s thi s i s usuall y no t  a  problem .  A  recurren t  networ k als o 
has limite d resource s i n tha t  feedbac k onl y contain s a  fmit e numbe r 
of  units .  Th e differenc e i s i n th e fac t  tha t  a  recurren t  networ k canno t 
dynamicall y reques t  mor e resource s a s i t  performs . 
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Futur e W o r k 

Severa l  idea s stemmin g fro m thi s wor k ar e bein g investigated . 
The granularit y o f  th e primitiv e action s take n fro m PARSI -

F AL ha s contribute d t o th e errors .  W e ar e activel y revisin g th e 
set  o f  primitiv e action s s o tha t  frequentl y occurrin g combi -
nation s wil l  b e fuse d int o a  singl e action .  Fo r  example ,  dro p 
action s ar e ofte n followe d b y attac h action s an d a n actio n 
coul d easil y b e constructe d tha t  woul d finalize  a  constituen t 
and attac h i t  properl y unde r  it s dominatin g node . 

A simila r  modificatio n involve s th e dependenc y betwee n 
creat e an d attach .  Now ,  a  creat e actio n fo r  a  nod e an d it s 
correspondin g attac h actio n mus t  bot h specif y th e nod e label . 
For  example ,  a  'creat e PP '  actio n eventuall y require s a n 'at -
tac h PP '  actio n t o adjoi n th e P P structur e i t  ha s built .  Thi s 
coul d b e change d s o tha t  th e attachmen t  nee d no t  redundantl y 
labe l  th e constituent . 

Work i s ongoin g t o investigat e th e prope r  inclusio n o f  se -
manti c informatio n i n th e parser .  Thi s proces s i s requirin g 
majo r  change s i n whic h lexica l  representatio n i s bein g in -
tegrate d wit h semanti c structur e buildin g i n a  micro-world . 
Whethe r  th e finite-stat e hypothesi s continue s t o prov e suffi -
cien t  i s  ye t  t o b e determined . 
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